Initial results for a computerized mass lesion detection scheme for digital breast tomosynthesis (DBT) images are presented. The algorithm uses a radial gradient index feature for the initial lesion detection and for segmentation of lesion candidates. A set of features is extracted for each segmented partition. Performance of two-and three dimensional features was compared.
Introduction
Digital Breast Tomosynthesis (DBT) has recently emerged as a potential new tool in breast imaging (1, 2), owing to the development of large area, fast readout detectors for mammography (3). In DBT, the breast volume is reconstructed from a series of projection images taken at a range of source angles. DBT provides slices of the three-dimensional breast volume at a spacing on the order of 1 mm. Unlike in conventional mammography, overlaying tissue structures are resolved. Patient dose delivered during DBT image acquisition is comparable or less than that of a mammographic exam (consisting of two screen-film projection images).
The appearance of DBT breast slices is similar to that of conventional mammograms, allowing radiologists to use skills acquired in the mammography practice. A pilot study by E. Rafferty showed that lesion conspicuity was increased significantly when viewed as DBT images as opposed to viewing the corresponding screen-film mammograms (4). However this comes at the cost of the radiologist having to review 50 to 90 images for each breast, depending on breast thickness, compared to the two views of a standard mammographic exam. Therefore we are developing computerized mass lesion detection for DBT to provide a reading aid to the radiologist. Since the appearance of DBT breast slices is similar to that of conventional projection mammograms, we investigate whether mass detection methods developed for conventional, single projection mammography can be extended to DBT.
However, DBT images are reconstructed from a limited number of cone-beam projections acquired over a limited angular range (1). As a result of the limited angular range, resolution in the three spatial directions is not equivalent. In the planes parallel to the detector surface, native resolution of the detector is maintained. In the direction perpendicular to the detector surface (called "vertical" in the following), resolution is determined by the slice spacing in the reconstruction, as well as object size.
Conceptually, the lower resolution in the vertical direction can be perceived as a shadow cast by the object, when the xray source sweeps only a limited arc [see Fig. 4a in (1)]. As a result, a shadow of the object appears in slices at depths where no object was physically present in the actual 3D volume. One difficulty for computerized lesion detection is then how to segment such a lesion, and whether object features should be extracted for the entire segmented volume or for individual slices at the center of the lesion only.
In this contribution, we explore the use of the radial-gradient index (RGI) as a feature for mass detection and segmentation in DBT images. RGI has been successfully applied to lesion detection (5, 6) and segmentation (7) in screen-film mammography, as well as to lesion detection in ultrasound images (8). This is a work in progress and the data presented are preliminary.
Materials
The database consisted of 21 exams (i.e., reconstructed breast volumes) containing 13 malignant and 8 benign lesions. Images were taken on a GE tomosynthesis prototype unit (1) at the Massachusetts General Hospital. Images were obtained from women who were recalled from screening by conventional two-view screen film mammography. The cases used for this study were consecutive, biopsy-confirmed masses.
The DBT breast image data was reconstructed from 11 projections images, taken with the source covering an arc of 50 degrees. The reconstruction was done using an iterative ML-EM algorithm (1), resulting in an attenuation map of the breast volume. Scatter was not corrected for. Resolution in the breast slices along the detector surface was 100 microns. Slice spacing was 1 mm, resulting in 50 to 90 slices per breast, depending on breast thickness.
Method
An overview of the mass detection scheme is shown in Figure  1 . In the initial mass detection step, each breast slice is con-verted into a RGI feature map. Lesion candidates are obtained by thresholding this feature map. In the second step, the outline of each lesion candidate is determined using RGI segmentation. For each lesion candidate, a set of features is extracted. A subset of those features is then combined using linear discriminant analysis (LDA) and used to classify lesion candidates into actual lesions and false postives.
In the performance evaluations, all cases have been used for developing, training and testing of the algorithms.
The RGI Feature
For both lesion detection and seeded lesion segmentation a radial-gradient index (RGI) feature (7) was used. The RGI is defined as the average radial gradient on a partition margin M:
where G → (r → ) is the gradient vector of the image at location (r → ) and eˆ (r → ) is the radial unit vector (see Fig. 2 ). The RGI is 1.0 for a spherical region. For lesion segmentation, a partition is obtained by thresholding a constrained image (7), which is obtained by subjecting the original image to a constraint function. In this work, the constraint function was a Gaussian centered at the seed point.
In order to find the best lesion outline for a given seed point, a number of partitions is created by gray-level thresholding the constrained image at a series of thresholds. For each partition, the RGI is calculated. The partition margin for which RGI is maximized is the one that best delineates the lesion. In this work, the segmentation results were verified visually. Additionally, constraint function parameters were optimized 
by maximizing performance of individual features calculated based on the respective segmentation result.
The RGI for a lesion grown from a random seed point in a mammogram measures the likelihood of a lesion at the present location. This is used for lesion detection by obtaining RGI for every image pixel or a grid of seed points.
Initial Mass Detection
For the initial mass detection, 2D RGI feature maps were created for each breast slice individually. The constraint function was a 2D isotropic Gaussian with FWHM = 1 cm. For computational efficiency, breast slices were reduced in size through 4 × 4 pixel averaging, resulting in a pixel size of 400 microns in each slice. Subsequently, on each slice, the RGI was calculated for every fourth pixel, effectively sampling the breast slice every 1.6 mm. The feature maps were then thresholded to obtain the locations of lesion candidates. In order to be counted as a valid lesion candidate, detections had to be present in adjacent slices at the same location as well. The 2D RGI threshold was set equal in all breast feature volumes.
Segmentation and Feature Extraction
For each lesion candidate returned by the initial mass detection, lesion volume was segmented by 3D RGI from an ROI centered on the candidate location. ROI size was 5 cm × 5 cm × 3 cm. In order to reduce computation time, ROI slices parallel to the detector surface were subsampled by a factor of 4, after median filtering using a 4 × 4 neighborhood, resulting in a pixel size of 400 microns parallel to the detector surface. To create the constrained image function, ROIs were multiplied with a three-dimensional Gaussian which had a FWHM of 1 cm in the directions parallel to the detector surface and FWHM of w z in the vertical direction. This non-spherical Gaussian was chosen to take into account that the resolution in DBT volumes was much lower in the perpendicular direction.
A set of features was calculated for each segmented lesion partition L. Features were calculated both in two and three dimensions. Values of 3D features were calculated based on the entire partition volume, while values of the correspon-ding 2D features were obtained from a two-dimensional subset of the partition volume parallel to the detector surface, centered on the seed point.
The feature set that was investigated consisted of lesion volume, given by the number of voxels within the lesion partition, average gray value within the lesion partition (AVG), standard deviation of pixel value within lesion partition (STDG), gray value contrast (CON), margin strength (MS), radial gradient index RGI and average gray-value gradient direction (cos(φ)).
Gray value contrast was defined as
Margin strength was defined as MS = 1 / n Σ M || G → || where n is the number of pixels along the partition margin M and G → is the gray value gradient. The angle φ is a measure of border shape (see Fig. 2 ), for a spherical border, cos(φ) is 1. One additional feature calculated was lesion eccentricity, which was determined for the central slice only.
Performance Evaluation
The performance of the algorithms was evaluated using free response operating characteristic (FROC) analysis (9). A lesion candidate was counted as an actual lesion if the centroid coordinates (x c ,y c ,z c ) satisfied x l -d l / 2 ≤ x c ≤ x l + d l / 2, y l -d l / 2 ≤ y c ≤ y l + d l / 2, z l -d l / 2 ≤ z c ≤ z l + d l / 2 where d l was the diameter of the lesion and (x l ,y l ,z l ) was the lesion location indicated by the radiologist. The factor 1.5 for the vertical direction was chosen to account for the higher uncertainty in this direction of low spatial resolution. If the centroid coordinates did not fulfill these conditions, the lesion candidate was counted as a false positive.
To evaluate the performance of the initial detection step, FROC space was swept out by varying the 2D RGI threshold.
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Technology After feature extraction, a subset of features was combined using linear discriminant analysis (LDA) (10) and the FROC curve for the overall algorithm was swept out by varying the linear discriminant threshold. The subset of features consisted of the four features which had the highest individual performance, as determined through ROC analysis (11).
Results
The performance of the initial mass detection step is shown in Figure 3 . Lesions candidates were required to be present over a range of 8 slices (or 8mm) in order to be returned as a valid lesion candidate. For further analysis, the 2D RGI threshold was set to the algorithm operating point of 81% sensitivity at 35 false positives. Analyzing the four missed lesions revealed that two were large benign masses in dense breasts. Of the remaining two masses, one was a low contrast diffuse mass, and the other one was not detected because of a nearby tissue structure with sharp margins. Figure 4 shows the segmentation result for one malignant mass lesion. The slice in Figure 4a was taken parallel to the detector surface, the one in Figure 4b was taken vertically through the volume. The solid line was the segmentation result for w z = 3 cm, in comparison to the dotted line which was the segmentation result for w z = 2 cm. Visually, there is little difference between both lesion outlines. Note that the resolution in both slices is different. In (a), the resolution is equal for both axis. In (b), the resolution along the vertical axis is lower due to the limited range angular sampling.
Feature performance does depend on accurate lesion segmentation. Therefore the effect of choice of constraint function parameters was evaluated. Table I lists the performance of several features for w z = 2 cm and 3 cm. Classification performance for most features was higher for the less isotropic constraint function with a ratio of FWHM parallel to the detector plane to FWHM in the vertical direction of 1:3 (compared to 1:2). This is consistent with a geometrical estimate of the resolution in the vertical direction. Based on the projection geometry, compact objects are elongated vertically by approximately three times their diameter.
The classification performance for each feature individually is shown in Table II . Also shown is the correlation between the 2D and 3D versions of each feature. Margin strength, a pure gradient feature, was highly correlated in 2D and 3D and yields comparable performance. This was to be expected because edges are well represented in the central slice (parallel to the detector surface) of a lesion only, due to the limited angular range. For features involving geometric shape, such as RGI and cos(φ), performance was enhanced when using 3D features. This was observed for intensity features, such as average gray value, as well. The performance of contrast is low both for contrast calculated in two or three dimensions. Possibly the performance of the contrast feature could be improved by choosing a smaller ROI, or including gray values from the lesion vicinity only, rather than including gray value information from the entire ROI.
The overall performance of the algorithm was evaluated through FROC analysis and the result is shown as the solid line in Figure 3 . In this analysis, a subset of features, namely volume, AVG, eccentricity and 3D RGI, was combined using LDA. Based on the current database, the classification performance for this subset of features was estimated to be 0.86.
Discussion
The overall performance of the algorithm was limited by the performance of the initial mass detection. For this work, 2D RGI was chosen in the initial mass detection algorithm main- ly for computational efficiency. RGI filtering for mass detection has been used in conventional screen-film mammography previously, yielding a high sensitivity or 92% but at a high false positive rate of 16 (6). In DBT, one breast image volume consists of an average of 60 slices. Therefore, the false positive rate in DBT can be expected to be very high. On the other hand, 2D RGI appeared sensitive to artifacts caused by the reconstruction, namely a high contrast skin line, and missing data for large breast thickness which resulted in sharp edges in the reconstructed image.
Future work will focus on reducing the false-positive rate by improving feature analysis, as well as improving the initial detection stage. In particular, the performance of the three-dimensional RGI feature in the initial detection step will be investigated. Another approach to reducing false positives is to preprocess the DTB volume in order to lessen reconstruction artifacts.
The same database has been used for development, training and testing, which introduced a positive bias in the performance estimates. Furthermore, the small number of cases used in this study may not yield good estimates of the detection scheme performance. Therefore, the results presented should be verified using a larger database of DBT images.
Summary and Conclusion
It was shown that RGI is an effective feature for mass detection and segmentation in DBT breast images. For gradient features, 2D and 3D features yielded equal performance, whereas performance improved for 3D shape and intensity features. Based on the current database, overall algorithm performance was estimated to yield a sensitivity of 76% at 11 false positives. We expect that a larger database will allow for more rigorous training and testing and an overall improvement in the detection scheme performance. This will be done in the future.
